Pre-caching popular files at mobile users with the aid of device-to-device (D2D) communications can offload the data traffic to low-cost D2D links and reduce the network transmission cost. This leads to additional cache leasing cost brought by the lease of storage from mobile users. Besides, newly-emerging video-related applications also pose strict requirement on the network delay. Thus, it is of great significance to design caching strategies considering the transmission cost, the cache leasing cost and the delay. As the movement of mobile users can improve the communication opportunities among different users and increase the cache hit ratio, in this paper, mobility-aware caching strategies are designed to minimize the network cost including both the transmission cost and the cache leasing cost with the delay constraint. In specific, by characterizing the user mobility as an inter-contact model, analytical expressions of the average network cost and the average file delivery delay are derived and a cost-oriented mobility-aware caching problem is formulated. To handle this mixed integer nonlinear programming (MINLP) problem, we first relax the binary cache placement indicator as a continuous one and prove that both the average network cost and the average file delivery delay are convex. Hence, an iterative caching algorithm is proposed with the successive convex approximation method. Moreover, to lower the complexity, combinatorial optimization method is adopted. Firstly, to make the caching problem tractable, the average file delivery delay constraint is implicitly added in the cost objective function as a penalty term. Then, the reformulated objective function is proved to have the non-monotone submodular property and thus a modified low-complexity greedy caching strategy is proposed. Simulation results show that, compared with the most popular caching strategy, our proposed mobility-aware caching strategy can reduce the average cost by 46% when the user speed is high.
I. INTRODUCTION
In recent years, the wireless data traffic is growing tremendously and the main driver of it has been fundamentally changed from text and voice to the data-craving applications, such as high-definition video, online games, virtual reality The associate editor coordinating the review of this manuscript and approving it for publication was Yunlong Cai . and so on. According to Cisco' prediction, at the year of 2022, the wireless data traffic will be 77.5 exabytes per month [1] . To cater for this explosive traffic data, small cell networks can greatly improve the wireless network capacity by increasing the density of the cell. However, it leads to huge deployment cost of base stations (BSs) and heavy traffic load on backhaul links. In addition to the evolution of the network architecture, the heavy data traffic can be dealt with from the perspective VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ of the traffic feature [2] . In specific, 20% popular files are repeatedly requested and redundantly transmitted in core networks, resulting in 80% data traffic. By caching these popular files at the edge of wireless networks in advance, users can directly fetch requested files from BSs, which remarkably relieves the backhaul load and significantly reduces the file delivery delay. For the BS caching, the most popular caching strategy can maximize the cache hit ratio when considering a single BS [3] . However, for a multi-BS cooperation network, this caching strategy is no more a good choice due to the mutual influence of caching strategies among these BSs [4] . Then, with the given network topology, the content caching strategies of multiple cache-enabled BSs are jointly optimized to reduce the content delivery delay [5] and to minimize the transmission power [6] , respectively. With stochastic networks, the joint caching strategies of multiple BSs are investigated to minimize the content transmission latency [7] . Compared with the BS caching, caching at mobile users with the help of device-to-device (D2D) communications can further offload the data traffic from the wireless interface. Hence, many studies on the D2D caching have been conducted. In [8] and [9] , a joint BS pushing and user caching scheme in fixed network topology is studied to improve the effective throughput. In [10] and [11] , by using the stochastic geometry, probabilistic user caching strategies are proposed to maximize the probability of the successful file delivery.
Nevertheless, all these literatures above ignore the impact of the user mobility, an intrinsic feature in wireless networks, on the caching strategy design. Considering the user mobility, the locations of mobile users and the network topology change over time, resulting in the randomness of the user connection. For wireless caching networks, with the user mobility, a user may have more opportunity to acquire files from BSs or nearby users in his trajectory, which can improve the cache hit ratio. Therefore, the modelling and exploitation of the user mobility in the caching strategy design is a crucial problem.
To capture the user mobility, Markov chain is adopted to model the process of users connecting to different BSs over time [12] , [13] . With this model, caching strategies of BSs are respectively devised to minimize the traffic pressure of the macro BS [12] and to improve the user experience of the video streaming [13] . In D2D mobile networks, the user mobility is usually modelled by an inter-contact model [14] , where the movement of a user pair is represented by the contact time and inter-contact time. The contact time is the time duration where users are within each other's communication range and can exchange files. The inter-contact time is time between two consecutive contact time. These two time durations are random variables characterized by user mobility traces in real-world. With this mobility model, mobilityaware caching strategies are proposed in [15] , [16] to maximize the traffic offloaded by D2D links. In [17] , caching strategies in D2D networks are designed to maximize the cache hit ratio with the exploitation of the user mobility.
In [18] , both the user mobility and the social-based user interest are used to maximize the cache hit ratio in the caching strategy design.
In addition to the high data rate, emerging video-related applications also pose strict requirement on the network delay to improve the user experience, which is also a crucial network performance in caching networks. However, few papers studied the mobility-aware and delay-aware caching strategies in D2D caching networks. Furthermore, economic issues brought by the resource consumption also need to be considered. A transmission cost minimization problem is investigated for the mobility-aware caching design in [19] . Note that the transmission cost of delivering files to users via D2D communications is much lower than that via the BS. To offload the traffic to low-cost D2D links, the network operator leases storage spaces of mobile users to cache popular files and should make a payment to motivate the device caching. This leads to an additional financial budget, the cache leasing cost [20] . Thus, in D2D caching networks, the network cost including both the transmission cost and the cache leasing cost should be minimized for the caching strategy design.
Motivated by this, this paper designs cost-oriented mobility-aware and delay-aware caching strategies to minimize the average network cost comprising both the transmission cost and the cache leasing cost with average file delivery delay constraint. To be concrete, the widely-used inter-contact user mobility model [14] is adopted to capture the user movement, where each user pair consists of two alternative states: the contact state denoting users are within the transmission range of each other, and the inter-contact state denoting users are out of the transmission range. The dwelling time of the inter-contact state is assumed to follow the exponential distribution, which is verified by the real-world mobility traces. Based on this mobility model, analytical expressions of the average network cost and the average file delivery delay are obtained and cost-oriented mobility-aware and delay-aware caching strategies are designed. Specifically, the main contributions of this paper are summarized as follows.
• In D2D caching networks, the average network cost including both the transmission cost and the cache leasing cost, and the average file delivery delay are derived based on the inter-contact user mobility model. Then, a cost-oriented mobility-aware and delay-aware cache placement problem is formulated to reduce the average network cost, considering constraints of the average file delivery delay and the cache capacity.
• To deal with this mixed integer nonlinear programming (MINLP) problem, we first replace the binary cache placement indicator with a continuous relaxed one and an non-convex 0-1 enforcing expression. Fortunately, with the relaxed cache placement indicator, both the cost-oriented objective function and the average file delivery delay constraint are proved to be convex. Then, to handle the non-convex 0-1 enforcing expression, an iterative mobility-aware cache placement algorithm with the successive convex approximation (SCA) method is proposed.
• In addition, to lower the computational complexity of the caching algorithm, we also resort to the combinatorial optimization method to deal with the mobility-aware caching problem. Firstly, the average file delivery delay constraint is implicitly added in the objective function as a penalty term to make the caching problem tractable. Then, the problem is reformulated and proved to be the non-monotone submodular function maximization problem over matroid constraint. Due to the non-monotonicity of the submodular objective function, a modified low-complexity greedy mobility-aware caching strategy is proposed, which caches the file providing the maximal marginal gain each time until the marginal gain vanishes or the cache capacity is full.
• Extensive simulation results show that our proposed mobility-aware caching strategies always outperform other caching strategies in terms of the average network cost. In particular, compared with the most popular caching strategy, the proposed mobility-aware caching strategies can reduce the average network cost by 46% when the user moving speed is high. This validates the importance of exploiting the user mobility information for the caching strategy in D2D caching networks.
The remainder of the paper is organized as follows. The system model and problem formulation are given in Section II. In Section III, a SCA-based mobility-aware caching strategy is proposed. In Section IV, a modified low-complexity greedy mobility-aware caching strategy is proposed. Section V presents the simulation results and Section VI concludes this paper.
Notation: Bold lower case letter and bold upper case letter are used to denote column vector and matrix, respectively. E(x) is the expectation of x.
II. SYSTEM MODEL AND PROBLEM FORMULATION A. SYSTEM MODEL
As depicted in Fig. 1 , we consider a scenario with one BS and a set of mobile users denoted as U = {1, 2, . . . U }. The BS has the ability to access the core networks which have a file library with a set of files F = {1, 2, . . . , F}. The size of each file is S. Mobiles users are moving randomly within the coverage of the BS, and submit their file requests independently. To offload the traffic from BS, each mobile user i is equipped with a cache capacity C i to store popular files such that these files can be directly transmitted to nearby mobile users via Denote by p if the probability of user i requesting file f , which is assumed to follow the Zipf distribution [21] . Users submit their interested files independently according to the file request probability p if . When user i requests file f , it will first find the file from its own storage. If fails, user i will try to acquire the file from nearby users via D2D communications. After a deadline T D for D2D communications, user i will be served by BS to guarantee that file f is eventually be successfully transmitted.
B. USER MOBILITY MODEL
In D2D caching networks, the user mobility can change the physical position of users over time. Mobile users may move into or move out the transmission range of each other opportunistically. This movement can increase the connecting chance between different users and affect the caching strategy design. Not only the file popularity but also the user mobility information are needed to be considered in the caching strategy design. To capture the movement of mobile users, a widely-adopted inter-contact model shown in Fig. 2 is used in this paper [14] . The timeline of arbitrary user pair consists of the contact time and the inter-contact time. The contact time is time during which two mobile users are within the transmission range of each other and can exchange the file via D2D communications. The inter-contact time is the time between two consecutive contacts.
In practice, the inter-contact time is much longer than the contact time, which can be regarded as a point in the timeline [15] , [19] . Furthermore, as investigated by user mobility traces in real-world [14] , the inter-contact time between any user pair i, j can be modeled as exponential distribution. In this way, the contact process of any user pair i, j follows Poisson process. Denote by µ ij the intensity of the Poisson contact process in this paper, which is the average number of contacts between user pair i, j per unit time and also called the contact frequency or the contact rate. It is worth pointing out that contact processes for different user pairs are assumed to be independent.
C. NETWORK COST MODEL
In D2D caching networks, to offload the traffic to D2D links and reduce the transmission cost, storage spaces of mobile users are leased by the network operator to cache popular files and directly transmit files via D2D communications. For the motivation of cache capacity leasing, the remuneration needs to be payed by the network operator to mobile users. Thus, for the perspective of the network operator, both the cache leasing cost and the transmission cost should be taken into account in the caching strategy design. In this paper, the costoriented caching strategy design is considered, consisting of the average cache leasing cost and the transmission cost.
Define q i and c i as the price per storage unit and the leased storage capacity of user i, respectively. Then, the average cache leasing cost is
where c = [c i ] U ×1 is the leased cache capacity vector.
To obtain the transmission cost, we need to first obtain the probability that file f required by user i can be successfully delivered via D2D communications. Denote by t ij the time between user i requesting file f and user i encountering user j. Then, the inter-contact time of user i accessing file f is represented as
Since the contact process of users i and j is a Poisson process with intensity µ ij , t ij follows an exponential distribution with parameter µ ij . Besides, as the independent contact process among different user pairs leads to the independent inter-contact time for different user pairs, the inter-contact time of user i accessing file f , t I if , follows an exponential distribution with parameter λ if . In which,
It is worth pointing out that, µ ii in (1) is the contact rate between user i and itself, which can be treated as infinity. Therefore, when user i requests file f , the contact process of user i encountering all users in D2D networks follows an Poisson process with intensity λ if . In this paper, we consider the case that the file can be successfully transmitted within one contact. When user i requests file f , the event that user i needs to be served by BS is equivalent to that the number of contacts of user i and all users in D2D networks within the time T D is 0. According to the contact Poisson process of user i in D2D networks, the number of contacts follows poisson distribution with parameter λ if T D . Thus, we have
where K if is a random variable denoting whether file f requested by user i is transmitted via D2D communications. K if = 1 means file f is successfully transmitted via D2D communications and K if = 0 otherwise. Denote by δ D and δ B the transmission costs of acquiring one file from a mobile user and the BS, respectively. In practice, the transmission cost via D2D communications is much less than that of the BS, i.e., δ D < δ B . The transmission cost of delivering requested file f to user i is expressed as
where (5) is to make the transmission cost being 0 when x if = 1. Then, the average transmission cost is given by
As
the average transmission cost T (X) is a function of the cache placement matrix X.
Consequently, combining the average cache leasing cost in (1) and the average transmission cost in (6) , the average network cost is expressed as
Note that the average network cost (X, c) is a joint function of the cache placement matrix X and the leased cache capacity vector c.
D. FILE DELIVERY DELAY MODEL
The average file delivery delay in this paper is defined as the average waiting time between a user submitting a file request and the requested file being successfully delivered. To derive the analytical expression of the average file delivery delay, two cases where the file fails or succeeds to be transmitted within T D should be considered. Denote by T if the file delivery delay when user i requests file f , the average file delivery delay is hence expressed as
For the first case where file f fails to be served via D2D communications within the deadline T D , i.e., K if = 0, the file delivery delay equals to T D , which is constant value. Mathematically,
For the second case where file f is successfully delivered within T D , i.e., K if = 1, the file delivery delay is a random variable, depending on the inter-contact duration. Recall that the contact process of user i encountering all users in networks follows an Poisson process with intensity λ if , the corresponding inter-contact duration follows exponential distribution with parameter λ if . As a result, the average file delivery delay of user i requesting file f in (8) is exactly represented as
Therefore, the average file delivery delay is expressed as
As λ if is a function of {x if }, the average file delivery delaȳ T (X) is a function of the cache placement matrix X.
E. PROBLEM FORMULATION
In this paper, the leased cache capacity and the cache placement of mobile users are optimized to minimize the average cost subject to the maximum allowed average file delivery delay and users' cache capacity. Mathematically, our mobility-aware cache placement problem is formulated as
where T max is maximum allowed average file delivery delay for the whole network. (12b), (12c) and (12d) are respectively the average file delivery delay constraint, the cache placement constraint and the leased capacity constraint. It can be observed that problem P C is a MINLP, which is very hard to directly solve. In what follows, we first relax the binary cache placement indicator and deal with problem P C via convex optimization in Section III. Then, in Section IV, we reformulate problem P C and resort to combinatorial optimization to find a low-complexity cache placement algorithm.
III. SCA-BASED MOBILITY-AWARE CACHING STRATEGY
In this section, to deal with the MINLP problem P C , binary variables are relaxed and convex optimization is adopted. To be concrete, both the average network cost function and the average file delivery delay function are proved to be convex with the relaxed binary cache placement indicator. By equivalently replacing the binary cache placement indicator with continuous one, relaxed problem P C is finally solved by the SCA method.
A. TACKLING OF THE BINARY CACHE PLACEMENT INDICATOR
The major obstacle in tackling problem P C is to deal with the binary cache placement indicator x if . Inspired by [22] , (12e) is equivalent to
Note that (13b) would enforcex if to be either 0 or 1. In the same manner with [22] , problem P C can be solved via the following problem P C 1:
s is an introduced non-negative slack variable and ρ is a large positive penalty factor to penalize the objective function if anyx if is neither 0 or 1. ρs in the objective function is the penalty term which is positive when 0 <x if < 1. The minimization of the objective function in (14a) can forcex if to be either 1 or 0. Thus, the solution to P C 1 is the same with the solution to problem P C .
B. SCA-BASED MOBILITY-AWARE CACHING STRATEGY DESIGN
Proposition 1: The average network cost function (X, c) defined in (7) and the average file delivery delay function T (X) defined in (11) are both convex.
Proof: Please see Appendix A. Although the average network cost function and the average file delivery delay function are both convex, problem P C 1 is still non-convex, due to the non-convex constraint (14f). To handle this non-convex constraint, the SCA-based iterative approach is adopted in this paper. In specific, the non-convex part is iteratively linearized to its first-order Tayor expansion.
Note that the non-convex part in (14f), i.e., −
if , is concave. Hence, its first-order linear approximation around x (n) if at iteration n+1 is an upper bound, wherex (n) if is the value ofx if obtained from previous iteration n. Mathematically, at iteration n + 1, we have
Substituting (15) to (14f), we can obtain
which is a conservative approximation. Therefore, problem P C 1 is approximated as
It can be observed that problem P C 2 is a convex problem and can be solved by the interior-point method embed in CVX [23] . Due to the conservative approximation of (17c), the achieved solution to problem P C 2 is always feasible for problem P C 1. Thus, the objective value of problem P C 2 is an upper bound of problem P C 1.
To summarize, the proposed iterative algorithm consists of two steps: 1) givenx
if based on the previous iteration. Repeat these two procedures until the algorithm converges. The detailed algorithm is listed in Algorithm 1.
C. CONVERGENCE AND COMPLEXITY ANALYSIS
It is worth pointing out that the convex approximation of (17c) is conservative, and thus the achieved solution can converge to the KKT point of problem P C 2 [24] , which is a local optimal solution.
Note that the computational complexity of Algorithm 1 is dominated by the solving of problem P C 2. Let N v be the number of variables, the computational complexity of using Algorithm 1 SCA-Based Mobility-Aware Caching Strategy 1: Initialize variableX (0) and penalty factor ρ; 2: Set n := 1; 3: while The stopping criteria is not satisfied do 4: Solve problem P C 2 by CVX to obtainX (n) , c and s; 5: Set n := n + 1; 6: end while 7: returnX (n) and c.
interior-point method is O(N 3.5 v ) [25] . Clearly, the number of variables in problem P C 2 is (F +1)U +1. Thus, the computational complexity of using interior-point method within CVX to solve problem P C 2 is O((FU ) 3.5 ). If the algorithm needs N ite number of iterations to converge, the total computational complexity of Algorithm 1 is O((FU ) 3.5 N ite ).
IV. MODIFIED GREEDY MOBILITY-AWARE CACHING STRATEGY
In this section, we resort to combinatorial optimization to deal with problem P C and propose a low-complexity mobilityaware caching strategy. In particular, we first reformulate the MINLP problem P C as an nonlinear integer programming (NLIP) problem. To make the NLIP problem P C as a tractable form, the average file delivery delay constraint is added in the objective function as a penalty term. Then, the modified problem is proved to be the submodular function maximization problem with matroid constraint. Based on which, a lowcomplexity modified greedy caching strategy is put forward.
A. TACKLING OF THE AVERAGE FILE DELIVERY DELAY CONSTRAINT
Observing from problem P C that, at the optimum, the constraint (12c) would be active. By replacing c i with F f =1 x if S and removing (12c), the MINLP problem P C can be equivalently recast as the following nonlinear integer programming (NLIP) problem P C 3.
To make this NLIP problem tractable, motivated by [26] , we further make the nonlinear integer constraint (18b) implicit in the objective by adding it as a penalty term. As a result, problem P C 3 can be solved via the following problem P C 4.
where σ is a positive penalty factor to penalize the violation of the average file delivery delay constraint.
It is worth pointing out that, with a relative small σ , the solution to problem P C 4 may be infeasible to problem P C 3. Thus, we need to update σ iteratively to make problem P C 3 feasible. Suppose that, at iteration n + 1, the average file delivery delayT (X (n) ) and the penalty factor σ (n) obtained from previous iteration n are given. The updated rule of σ in this paper is given as
where ξ > 0 is the step size. With this updated rule, σ would be increased until the average file delivery delay constraint is satisfied, which can finally achieve the feasible solution to problem P C 3. Next, we focus on the solving of the following problem P C 5 with σ = σ (n) at iteration n + 1.
(21b)
B. SUBMODULAR FUNCTION MAXIMIZATION PROBLEM REFORMULATION
The constraints of problem P C 5 are first rewritten as matroid constraint, which is defined by the partition matroid. We directly show the concept of the partition matroid and matroid constraint in the reformulation of constraints (19b) and (19c). Let S = {x if |i ∈ U and f ∈ F} and S i = {x if |f ∈ F} respectively represent the caching ground set for all users in D2D networks and the caching ground set for user i, which is disjoint for different users. Define X ⊆ S as the cache placement set for all users, where x if ∈ X if file f is stored by user i. A matroid pair M = (S; I) with I being a family of subsets of S defined as
is the partition matroid [27] . In (22) ,C i = C i /S is the normalized cache capacity and |X ∩ S i | ≤C i is then the normalized cache capacity constraint. Hence, cache capacity constraints (19b) and (19c) in problem P C 5 can be rewritten as X ∈ I, which is called matroid constraint.
Then, the objective function of problem P C 5 is reformulated as a set function. To be concrete, with the definition of cache placement set X , the average network cost function can be rewritten as
where
and
Similarly, the average file delivery delay function can be rewritten as
Consequently, problem P C 5 can be equivalently reformulated as
In what follows, the objective function of problem P C 6 is shown to have the non-monotone submodular property. To clarify this, we first give a brief introduction about the monotone property, the submodular property and the monotone property of a set function. Define f (Y) as a set function, where Y is a set containing lots of elements.
• The submodular property. Let y denote an element
. In a physical sense, the benefit of adding a new element decreases with the increase of the original set and thus the submodular function has the diminishing return.
• The modular property. If f Y 1 (y) − f Y 2 (y) = 0, we say that f (Y) is a modular set function. The modular set function is also the submodular set function. Proposition 2: The objective function of problem P C 6 has the non-monotone submodular property, where − T (X ) − σ (n) (T (X ) − T max ) is monotone submodular over set X , while − C (X ) is non-monotone modular over set X . Accordingly, problem P C 6 is the maximization of monotone submodular and non-monotone modular function over matroid constraint.
Proof: Please see Appendix B. According to [28] , [29] , if an integer programming problem is the monotone submodular function maximization problem over matroid constraint, the greedy algorithm, which selects an element providing the maximal marginal gain each time until the constraint is active, can achieve (1 − 1/e) optimality. However, due to the fact that the minus cache leasing cost − C (X ) is non-monotone modular, the objective function of problem P C 6 is a monotone submodular function adding an non-monotone modular function, which is non-monotone submodular. Thus, the greedy algorithm can not be directly adopted to solve problem P C 6. In subsection C, we will design a low-complexity modified greedy caching strategy, which is shown to have the near-optimal performance.
C. MODIFIED GREEDY MOBILITY-AWARE CACHING STRATEGY DESIGN
According to Proposition 2, for the objective function of problem P C 6, − T (X ) − σ (n) (T (X ) − T max ) is monotone submodular and − C (X ) is non-monotone modular. As the cache placement set becomes larger, the value of the first term is increasing and the increase trend is gradually slower, while the value of the second term is linearly decreasing. As a result, the objective function of problem P C 6 will first increase and then decrease. Hence, the optimal objective value of problem P C 6 may be achieved when the cache capacity is not full, which is different from the monotone submodular maximization problem. Therefore, we propose a modified greedy cache placement algorithm, which caches a file providing the maximal marginal gain in each iteration until the objective value of problem P C 6 in the next iteration is smaller than that in the present iteration or the cache capacity is full.
All in all, the modified greedy cache placement algorithm to solve problem P C also consists of two steps: 1) with the given penalty factor σ (n) , the modified greedy algorithm is adopted to solve problem P C 6; 2) update σ (n) according to (20) . Repeat these two procedures until the algorithm converges. The detailed algorithm is listed as Algorithm 2, where U (X ) = − T (X ) − C (X ) − σ (n) (T (X ) − T max ) is the objective value of problem P C 6.
D. COMPLEXITY ANALYSIS
In Algorithm 2, at each outer loop n, there are at most U i=1C i inner loops. For each inner loop l, the complexity to find the optimal cache placement is O(UF). Thus, the overall computational complexity is O(UF( U i=1C i )N ite ), where N ite is the number of iterations for the outer loop. It is worth pointing out that, the complexity of the proposed modified greedy caching strategy is linearly with the number of user, the number of files and the number of normalized cache capacities, which is remarkably lower than that of the proposed SCA-based caching strategy.
V. SIMULATION RESULTS
Simulation results are given in this section to evaluate the performance of our proposed mobility-aware caching strategies. In the simulation settings, U = 10 mobile users are moving within the coverage a BS. For the user mobility model, the gamma distribution (4.43, 1/1088) verified by realworld user traces in [14] is adopted to characterize the contact rate between user i and j, µ ij . Each user is equipped with a cache capacity C = C i = 50MB, ∀i. The number of files Algorithm 2 Modified Greedy Mobility-Aware Caching Strategy 1: Initialize the penalty factor σ (0) ; 2: Set n := 1; 3: while The stopping criteria is not satisfied do 4: Set X = ∅, X r = S;
5:
Set l := 1; 6:
10: else 11: Break; 12: end if 13: if |X ∩ S i | =C i then 14: X r = X r \ S i ; 15: end if 16: Set l := l + 1; 17: end while 18: Update σ (n) based on (20); 19: Set n := n + 1; 20: end while 21: return the cache placement set X . stored in the file library is F = 50 with each file size being S = 10MB. Users submits their file requests independently following the Zipf's distribution,
where β i is a positive parameter. The file popularity is more concentrated with larger β i . In our simulation, β is set as β = β i = 0.6. In addition, costs of delivering a file via BS and D2D communications are respectively set as δ B = 50 and δ D = 1. The price of the cache capacity is q = q i = 30 per Kbits. Besides, the deadline for the file download via D2D communications is set as T D = 150s. The maximum allowable average file delivery time is set as T max = 120s unless other specified. To compare the performance of our proposed caching strategies, other caching strategies are also considered. In the most popular caching strategy, each user directly stores files in the descending order of its file popularity. In the probabilistic caching strategy, each user randomly store files based on the probability of its file request. The higher probability leads to more chance to be stored. In the random caching, each user randomly store files with equal probability.
In Fig. 3 , the impact of the number of users on the average network cost is investigated with different caching strategies. It can be seen that, the average network cost decreases with the increase of the number of users for each caching strategy. The reason behind this phenomenon is that, the increase of the number of users enlarges the aggregated cache capacity in D2D networks, leading to more files stored and delivered by mobile users and thus lower average transmission cost. Moreover, our proposed SCA-based caching strategy and modified greedy caching strategy consume much lower cost than other three caching strategies. This benefit is brought by the exploitation of both the file popularity and the user mobility. Mostly importantly, the proposed modified greedy caching strategy with much lower computational complexity can almost achieve the same cost performance with the SCA-based caching strategy. This strongly verifies the effectiveness of our proposed low-complexity modified greedy caching strategy. In the following, only the modified greedy caching strategy is simulated to evaluate the cost performance with more users.
In Fig. 4 , the average network costs of different caching strategies are shown by varying the cache capacity of mobile users. As expected, by making good use of the user mobility information, the modified greedy caching strategy outperforms other caching strategies. What is more, it is interesting to observe from Fig. 4 that, as the cache capacity of each mobile user enlarges, the average network cost of the modified greedy caching strategy always decreases, while the costs of other three caching strategies first decrease and then increase. To clarify the reason behind this phenomenon, we respectively show the average transmission cost and the average cache leasing cost of the most popular caching strategy and the modified greedy caching strategy in Fig. 5 . With the increase of the cache capacity, more users can acquire their requested files via low-cost D2D communications, making the transmission cost decreased. It is worth pointing out that, the decrease trend gradually becomes slower, since − T (X ) is a monotone submodular function as proved in Proposition 2 and its marginal effect is diminished. However, the cache leasing cost is linearly increasing with respect to the leased cache capacity. Therefore, when caching a file, the transmission cost is decreasing with slower decrease trend and the cache leasing cost is increasing linearly. For the most popular caching strategy, all allowable cache capacity of mobile users is leased by the network operator. When the cache capacity of mobile users is small, the reduced transmission cost brought by adding a file is more than the increased cache leasing cost. As a result, the total average network cost is decreasing. Nevertheless, when the cache capacity becomes large, the reduced transmission cost is gradually less than the increased cache leasing cost, leading to the increased total average network cost. For the modified greedy caching strategy, if the total average network cost is reduced by caching a file, the algorithm would terminate and the file would be not cached. Thus, the average network cost is always decreasing as the cache capacity enlarges. Fig. 6 characterizes how the file popularity affects the average network cost. Recall that β in the Zipf distribution represents the concentration of the file popularity. With the increase of β, the average network costs of all cache strategies except for the random caching are decreasing. This is because that, with larger β, files requested by mobile users are more concentrated and more likely to be transmitted via low-cost D2D communications. Besides, with larger β, the file popularity gradually plays a more important role in the caching strategy design. Hence, the performance gap between the most popular caching strategy and the modified greedy caching strategy becomes narrow with the increase of β. Furthermore, the average network cost with T max = 140s is lower than that with T max = 140s.
At last, the impact of the user mobility is shown in Fig. 7 . Recall that the contact rate between different users, µ ij ∼ (4.43, 1/1088). Since the contact rate is proportional to the user moving speed [16] , a parameter θ is introduced asμ ij ∼ (4.43θ 2 , 1/(1088θ)) to model the user mobility with different user speed such that E(μ ij ) = θE(µ ij ) and Var(μ ij ) = Var(µ ij ). In Fig. 7 , no results for the random caching strategy at a few starting points is owing to the fact that, the random caching strategy can not satisfy the average file delivery delay constraint in these simulation settings. It can be seen from Fig. 7 that, with the increase of θ, the average network costs of all caching strategies are decreasing and the decrease trend gradually becomes slower. The decrease trend is because that, the increase of the user speed improves the contact rate of mobile users and thus more files can be delivered via low-cost D2D communications. The slower decrease trend is because that, with high user speed, each user can almost contact all users in D2D networks and the benefit brought by further increasing the user speed gradually becomes less. Moreover, as compared with the most popular caching strategy, our proposed modified greedy caching strategy can decrease the average network cost by 46% with θ = 7. Therefore, it is of great significance to consider the user mobility information for the caching strategy design when the user speed is high.
VI. CONCLUSION
In this paper, we have designed mobility-aware caching strategies in D2D caching networks to reduce the network cost. Based on the inter-contact user mobility model, a mobility-aware cache placement problem has been formulated to reduce both the average transmission cost and the average cache leasing cost, taking into account the average file delivery delay constraint and the cache capacity constraint. Both the convex optimization method and the combinatorial optimization method have been adopted to deal with the binary cache placement indicator. Accordingly, a SCA-based caching algorithm and a modified lowcomplexity greedy caching algorithm have been proposed. Simulation results have demonstrated that, benefiting from the exploitation of the user mobility information, our proposed mobility-aware caching strategy consume much less cost than other caching strategies. As the user mobility is of great significance, in the future, we will design the caching strategy based on the specific user mobility prediction.
APPENDIXES APPENDIX A
We first prove that (X, c) is joint convex inX and c. Observing from (7) that (X, c) = C (c) + T (X), vari-ablesX and c are separable. So we only need to prove C (c) is convex in c and T (X) is convex inX. Obviously,
q i c i is linear in c i and thus convex in c.
Due to the fact that the composition with an affine mapping preserves the convexity [26] , T (X) is also convex inx if . Therefore, (X, c) is joint convex inX and c.
Then, we prove thatT (X) = 1 
Thus,T if is a decreasing function with respect to λ if . To show the convexity ofT if in λ if , we further take the second derivative of λ if , which is expressed as Thus, we have 2(e λ if T D − [26] . Note thatT (X) is the non-negative weighted sum ofT if ,T (X) is also convex inX. This completes the proof.
APPENDIX B
We first prove that − T (X ) − σ (n) (T (X ) − T max ) in the objective function of problem P C 6 is monotone submodular over set X . Based on the expression of T (X) in (6), it can be easily verified that − T (X) is an non-decresing function with respect to the relaxed cache placement matrixX. Thus, we have
where V ⊂ S and x jf ∈ S − V. According to the definition of the monotone set function, − T (X ) is monotone over set X . Then, as shown in Appendix A, T (X) is convex inX, resulting in the concavity of − T (X). Hence, the increasing trend of − T (X ) is becoming slower with the increase of the cache placement set. Let x jf ∈ S − V 2 and V 1 ⊂ V 2 ⊂ S, we can derive
where V (x jf ) = − T (V ∪{x jf })− − T (V) is the benefit brought by adding a new element x jf . Accordingly, − T (X ) is submodular over set X . Combining (30) and (31), we can show that − T (X ) is a monotone submodular set function. Then, we verify the submodular property of −T (X ). As shown in Appendix A, one can observe thatT (X) is a decreasing convex function. So −T (X) is an increasing concave function with respect toX. As a result, the set function −T (X ) has the monotone property and the diminishing return. In the similar way of − T (X ), we can prove that −T (X ) is a monotone submodular set function. Due to the fact that the non-negative weighted superposition of monotone submodular set functions is also monotone submodular, − T (X ) − σ (n) (T (X ) − T max ) in the objective function of problem P C 6 is monotone submodular over set X .
As for − C (X ) = − 1
1(x if ∈ X )S with the linearity, adding an element to X would achieve the same benefit no matter the size of X . Thus, − C (X ) is a modular set function. Furthermore, with the increase of the size of X , the value of − C (X ) is decreasing. As a result, − C (X ) is non-monotone modular over set X .
Therefore, − T (X ) − C (X ) − σ (n) (T (X ) − T max ) is a monotone submodular set function adding an non-monotone modular set function. As the modular set function is also the submodular set function, the objective function of problem P C 6 is non-monotone submodular over set X . Together with matroid constraint defined in (22) , problem P C 6 is an nonmonotone submodular function maximization problem with matroid constraint. This completes the proof.
